Analyzing the risk of failure of glass windows when they are subjected to an explosion is a difficult task, requiring a comprehensive understanding of the dynamic behavior of glass and the glass fracture mechanism under blast loads. An efficient approach is required for estimating the level of risk in a complex environment, such as in a built-up city block. This article investigates the level of risk of the failure of glass windows in a complex layout when they are subjected to blast pressures using the probabilistic neural network model. Radial basis function and Bayesian theory are used to address the probabilistic nature of glass failure. The efficacy of the neural network is verified by comparing its risk predictions with blast damage observations from a real-life event. Computational fluid dynamics is used to estimate the magnitude of blast pressures at different locations. The complexity of the built-up environment does affect the level of risk at various locations. The artificial neural network technique provides a quick prediction of the likely damage to glass windows and the consequences for building occupants, offering advantages and practical significance for risk quantification in complex layouts.
Introduction
In the process of designing facilities, civil engineers commit to minimizing the risk of functional failure. In recent years, there have been significant changes in the civilian protection paradigm, including protecting buildings from the risk of extreme incidents, such as explosions. As a building façade is the first line of defense in the event of an explosion and glass is the weakest link and a major contributor to injuries, understanding the risks posed by the failure of glass windows is a valuable exercise in the overall explosive risk management process.
Deterministic approaches to the analysis of the failure of glass windows under blast loads are well established, where the state of failure of glass is predicted through comparison with the estimated blast load and the pre-established pressure-impulse (PI) curve for glass (Bedon et al., 2014; Ding et al., 2014 Ding et al., , 2015 Ding et al., , 2016 Larcher et al., 2012; Ngo et al., 2015a; Zhang et al., 2013) . However, these studies do not account for the complex physical phenomena present in complex environments such as city areas, where multiple reflections, channeling and shielding effects of adjacent structures cause uncertainties with deterministic predictions. A deterministic analysis of the risk of failure of glass windows subjected to blast pressures in complex environments has been proposed using a computational fluid dynamics (CFD) technique (Merrifield et al., 2002; and PI curves from the Glazing Hazard Guide (SAFE/SSG, 1997) . A deterministic technique for analyzing the damage to various types of façades has also been introduced through an assessment based on the numerical level of the reflected blast impulse (Luccioni et al., 2005) .
However, the failure of glass windows is very unpredictable. Therefore, a probabilistic model offers a more realistic representation of the risk of failure of glass than a deterministic model. Furthermore, information on the potential consequences of glass breakage in the event of an explosion may be essential, particularly when the safety of building occupants is considered. Due to the variability in the strength of glass and uncertainties in blast loading (e.g. charge weight and standoff distance), the behavior of glass panels and the performance of glass windows subjected to blast overpressures is not fully understood, making it difficult to quantify the building's risk under a blast event. Netherton and Stewart (2009) employed a randomized sampling technique to quantify the uncertainty of failure of glass windows based on a single-degree-of-freedom (SDOF) model. They found that the structural reliability analysis and the UK Glazing Hazard guide's rating criteria were proficient in predicting damage and safety hazards for a given blast scenario on a building facade. However, the reduced uniformity of data samples from this randomized sampling method can have negative effects on the final simulation outcome, whereby the error increases with an increased number of simulation variables, for example, in complex city environments. This deficiency can be overcome by artificial neural networks as described below. The use of artificial neural networks has been found to be a useful aid in providing information on the performance of glass windows subjected to blast pressures (Susiswo et al., 2007) .
This article discusses the application of the artificial neural network in providing information on the risk of failure of glass windows under blast pressures in a complex environment. This information is valuable in assessing the risk associated with glass windows when subjected to a variation of blast pressures at different points on a building façade located in a complex layout.
Glass fragment hazard classification
Upon failure in the event of a blast load, annealed glass breaks into large sharp shards that may fly into the building's interior, thereby causing injuries to occupants. Due to the high magnitude of pressure that is generated by a reasonably large explosion and the low strength of glass material, the risk of failure of glass windows is often determined as a consequence of glass failure to building occupants, rather than via the probability of failure of the glass. The term "hazard level" is often used to express the potential consequences of glass failure under blast overpressures.
The US General Services Administration (GSA) specifies six different performance conditions for glass under blast pressures, in order to classify the protection level or hazard level of the glass used in buildings (GSA, 2005) . These conditions are based on the expected impact location of glass fragments upon failure, as described in Figure 1 .
Performance Condition 1 refers to situations when the glazing survives and there is no visible damage to the glazing or the frame. Performance Condition 2 refers to failure conditions when the glazing cracks but remains in the frame or only very small fragments of glass are found near the window sill or on the floor. Both performance conditions represent a safe failure condition, where no hazard is anticipated.
Performance Condition 3a refers to cases when the glazing cracks and fragments enter the space and land on the floor no further than 1 m from the window. Performance Condition 3b refers to instances when the glazing cracks and fragments enter the space and land on the floor no further than 3 m from the window. Performance Conditions 3a and 3b represent a very low and low hazard levels, respectively.
Performance Condition 4 refers to situations when the glazing cracks and fragments enter the space and impact on a vertical witness panel at a distance of no more than 3 m from the window at a height no greater than 0.6 m above the floor. This performance condition is equivalent to a medium-level hazard, where injuries to lower body parts are likely to occur.
Performance Condition 5 refers to instances when the glazing cracks and the window system fails catastrophically. The fragments enter the space, impacting on a vertical witness panel at a distance of no more than 3 m from the window at a height greater than 0.6 m above the floor. This performance condition represents a high hazard level, where serious injuries, especially to the upper body, as well as fatalities, are anticipated.
Risk analysis for glass window failure
Current methods for assessing the risk of failure of glass when subjected to blast pressures rely heavily on structural analysis. The glass panel is often modeled as a simply supported structure that is assumed to have a dynamic response under blast loading governed by the first mode shape. Significant modeling efforts and experimental data validation are still required to minimize the potential discrepancies under the aforementioned assumptions. In addition, the length of time taken to carry out the structural analysis may become inefficient for the analysis of the risk in a complex city environment, where the variability of blast pressures should be taken into account. This article presents an alternative approach for analyzing the risk of the failure of glass windows when subjected to blast pressures using the artificial neural network model that is developed based on actual experimental data.
Neural network prediction model
An artificial neural network is a computational technique that processes information in a similar manner to the human brain. It consists of highly interconnected parallel elements and its function is determined largely by the connection between these elements. The artificial neural network is useful in deriving meaning from complicated or imprecise data and is particularly helpful in extracting patterns and detecting trends that may be too complex to be identified by either humans or other computational techniques. Due to the probabilistic nature of glass failure and the characteristics of existing experimental data, the probabilistic neural network is selected for analyzing the risk of failure of glass windows when subjected to blast pressures.
In its basic form, the radial basis probabilistic neural network model consists of two hidden layers. The first hidden layer estimates the conditional probability of an unknown pattern, being a member of a particular state of nature based on the available training data. The artificial neural network model for the analysis of the risk of failure of glass windows subjected to blast pressures was developed based on the glass windows performance database available to the University of Melbourne, including the data from the Woomera test series (Lumantarna et al., 2007; Ngo et al., 2015b) . This study focused on the risk of failure of annealed glass windows under a 5000 kg TNT charge, whereby the stand-off distance of the glass windows was varied to obtain different blast threat levels. The experimental data of the performance of glass windows under blast pressures were used for training and testing the artificial neural network model. The second hidden layer is a competitive layer that selects the appropriate state of nature based on the maximum probability of representing the correct class of membership. The concept of the radial basis probabilistic neural network is shown in Figure 2 (a). The Bayesian decision theory is used for the assignment of a given pattern to a particular state of nature, based on the available statistical information. The prior probability P(ω i ) and the classconditional probability density function p(x|ω i ) can be estimated from the available data based on the concept illustrated in Figure 2 (b). The Bayes formula that converts the prior probability to the posterior probability is expressed by equation (1) 
where p(x) is the probability density function (pdf) of x or the evidence.
For the identification of category membership, an unknown pattern that is represented by the feature vector x can be assigned to a particular state of nature ω i if it satisfies the condition expressed in equation (2) 
Glass window vulnerability is identified based on variables representing the characteristics of the window and the magnitude of the blast loading. The characteristics of annealed glass windows are represented by their dimension (width, height and thickness), whereas the levels of blast threats are expressed by the maximum positive blast pressure and loading duration of the idealized triangular blast impulse. The neural network model is realized using MATLAB (Demuth and Beale, 1998) . The deficiency of the probabilistic neural network with respect to space-featuring problems (Montana, 1992 ) is addressed by applying weights similar to the local weight regression technique (Atkeson, 1991) .
The analysis of the risk of failure of glass windows when subjected to blast pressures is developed using a tree structure philosophy, as is illustrated in Figure 3 (a). Node 1 is a decision point that is used to classify a particular glass window subjected to a certain blast threat level into either "safe" or "hazardous" to building occupants, whereas Node 2 is a decision point used to classify the windows into a different hazard level. A separate model is used for each decision node, and each performs a two-state-of-nature classification problem. This concept is designed to incorporate the reality that the presence of a glass hazard is conditional on the occurrence of glass failure as well as to simplify the model into a binomial problem to alleviate deficiencies that result from the limitation of data.
In order to fit the abovementioned two-class problem, the overall data are rearranged into two main groups, namely, Survive/Safe (S) and Fail/Hazardous (H). All glass windows with a Failure Condition 3 or worse are categorized as hazardous, whereas those identified as Failure Condition 1 or 2 are categorized as safe for building occupants. A similar technique is also adopted for the development of a model for assessing the consequence of glass failure. The data for hazardous glass are split into two main hazard categories, that is, Hazard Level 1 (H1) and Hazard Level 2 (H2), as illustrated in Figure 3(b) . H1 represents Performance Condition 3, whereas H2 represents Performance Conditions 4 and 5 according to the GSA system. As well as fitting the concept described in Figure 3 (a), these data rearrangement is also intended to anticipate the potential deficiency of the probabilistic neural network model due to the lack of data of a certain category (Susiswo et al., 2007) .
Neural network model efficacy
The radial probabilistic neural network has been found useful in estimating, with reasonable accuracy, the risk of failure of glass windows when subjected to blast pressures, as is demonstrated in Figure 4 (Susiswo et al., 2008) . It offers quick prediction, which results in efficient risk simulations for the quantification of uncertainty. It is also able to demonstrate the probabilistic nature of the problem.
A terrorist blast incident that occurred in front of the Australian Embassy in Jakarta in 2004 provides a valuable lesson in relation to glass window damage. The buildings around the blast sustained significant façade damage. As most of the buildings featured a large amount of glass windows, the variability of glass window damage is relatively easy to comprehend. Figure 5 shows examples of the damage to the glass windows in the aforementioned blast incident. Approximately 80% of the visible glass windows on the building façade were destroyed. Normally, information about a crater formed after a blast event is used for the estimation of the explosive location and size. In this case, due to the lack of available data, an estimation of explosive size based on the crater is unreliable. As a result, the location and size of the explosive is estimated based on the security camera recording, the cordon investigation, and confessions from an alleged perpetrator. The volume of the explosive was significantly lower than the capacity of the vehicle (ICG 2006; Sholihin and Warta, 2004; Sudoyo et al., 2008) . The explosive was most likely a combination of low-and high-explosive materials, such as Trinitrotoluene (TNT) and Potassium Chlorate. The estimated amount of the explosive was equivalent to 120 kg of TNT.
For the purpose of a close assessment, the glass facade is divided into three different regions of equal area, namely, regions A, B, and C as illustrated in Figure 5 . Only damage to the visible glass windows is evaluated. The prediction of the magnitude of blast pressure and impulse is carried out using the CFD code Air3D, which is capable of simulating air blast pressures impinging on structures in complex environments (Rose, 2006) . Table 1 presents the results of the neural network risk analysis when compared with the damage observation. Table 1 demonstrates the efficacy of the probabilistic neural network model in providing a realistic estimation of the risk of glass window failure when subjected to blast pressure.
Risk analysis
A proper risk analysis requires assessment of both the probability of the occurrence and the consequences of an event. In this study, the level of risk is expressed through the quantification of the likelihood of a glass window to survive or fail safely and the consequences of glass failure in terms of the expected glass fragment hazard level. The analysis is performed based on a particular blast threat level, and the outcomes are thereby referred to as the conditional risk. Figure 6 shows the results of the artificial neural network simulation on a 1 m × 1 m glass window made of 8 mm annealed glass. Figure 6 (a) depicts the likelihood of the glass windows failing hazardously, whereas Figure 6 (b) shows the probability of the glass window generating the medium/high level of glass fragment hazard if it fails. The range of available experimental data is very limited, making a full-range pressure-impulse (PI) diagram difficult to obtain. The PI diagram is expanded through probit analysis (Finney and Tattersfield, 1952) . The failure of glass windows is modeled according to the log-normal distribution (Lees, 2005) . Figure 7 shows the PI curves that represent different levels of the risk of failure of the 1 m × 1 m glass windows that are made of 8 mm annealed glass when subjected to various blast threat levels, which are developed based on a selected iso-stress curve (Lumantarna et al., 2008) . The analysis of the conditional risk of glass window failure when subjected to blast pressures is conducted using an event tree, which is consistent with the concept illustrated in Figure 3(a) . Accordingly, the overall risk analysis consists of two stages. First, the reliability of a glass window under a particular blast threat level is assessed using the PI curves in Figure 7 (a) to estimate the likelihood of the glass failing hazardously. The product of this analysis step is to isolate the probability of glass failure that is safe for building occupants from the probability of failure that is hazardous to building occupants. Second, the hazard level of the glass window is assessed using the PI curves in Figure 7 (b) to predict the level of the glass fragment hazard, which is conditional on the failure of the glass. The result of this analysis step is the conditional probability of the glass falling into the H1 (low) hazard category and the H2 (medium/high) hazard category if the glass fails. The final outcome is obtained after considering the fact that the presence of a glass fragment hazard is conditional on the failure of the glass.
Blast pressure in complex environments
Several techniques are applicable for estimating the magnitude of blast pressures generated from a specific explosive device. These include empirical methods, such as the scaled blast parameters prediction in TM 5-1300; a semi-empirical method using the Conventional Weapons Effects Program (CONWEP); and a numerical method using a CFD code. The CFD approach is superior for the prediction of blast pressures in complex environments, as it considers the interaction between blast waves and the surrounding structure. In this context, complex environments refer to scenarios where the blast wave impinges on structures that are in close proximity to one another such as a city, where complex phenomena of multiple reflections, channeling and shielding effects of adjacent structures must be accounted for. The advantages of the CFD technique have been demonstrated in an examination of blast characteristics in city streets Smith et al., 2001; Smith and Rose, 2006) in a study on the effect of street junctions and the effect of building arrays and in an investigation on blast loading on a building at non-zero angles of incidence (Rose and Smith, 2004) . Due to these important considerations, the CFD simulation is selected for the analysis of the risk of failure of glass windows in a complex environment.
A hypothetical city block, as shown in Figures 8 and 9 , is considered as an example for the analysis of the risk of failure of glass when subjected to blast pressures in a complex layout. The study area covers a 180 m × 250 m city block consisting of 19 buildings of three to seven floors in height. An explosive device, equivalent to 500 kg TNT, is detonated on the side of the main street in front of Building 1 at about 1.2 m above the ground. The prediction of the magnitude of blast pressure and impulse is carried out using Air3D (Rose, 2006) .
The building facades are assumed to be very strong and rigid such that they perfectly reflect the blast wave. This assumption is taken to allow a blast pressure to fully develop its reflected value, so that the maximum level of the risk of failure can be obtained. Blast pressure monitors are placed at points of interest, mostly on the building facades where glass windows are present.
Results and discussion

Blast pressure variation
The magnitude of the blast pressure and impulse can vary depending on the distance and angle of incidence from the source of the blast, as well as the complex interaction between the blast wave and the surrounding structures. The blast pressure and impulse history taken at a point on the front face of Building 1, which is at an immediate location from the source of the blast, are illustrated in the pressure history diagram shown in Figure 10(a) . The blast pressure and impulse history at a point on the front face of Building 4 are shown in Figure 10(b) . There are large differences between blast pressures at these two points, mainly due to the difference in stand-off distance and angle of incidence.
Once the magnitude of blast pressure and impulse at each point of interest is known, the risk of failure of the glass at that point can be estimated by reading the PI curves that have been developed earlier. The risk of failure of the glass windows is assessed merely based on the values of the peak pressure and peak impulse at the corresponding point. The equivalent triangular blast load is derived based on the constant value of the positive peak pressure and impulse.
Risk distribution
The level of the risk of failure of glass windows is determined through evaluating the magnitude of the blast pressure and impulse against the risk curves in Figure 7 . The distribution of the risk of failure of glass windows in the study area is shown in Figures 11 to 13 . Figure 11 provides information on the average likelihood of the glass windows on the buildings in surviving or failing safely under the aforementioned level of blast threat. Figures 12 and 13 show the average likelihood of the windows becoming a low and medium/high hazard, respectively. Figures 11 to 13 also show that the level of risk not only depends on the distance from the source of the blast but also on environmental effects, such as reflection and shielding effects due to the presence of surrounding structures.
In general, the windows on the building façade along the main street almost certainly fail hazardously and produce a medium/high level of glass fragment hazard. The risk remains very high up to 80 m from the source of the blast. Beyond this area, the level of risk varies depending upon the distance from the source of the blast and the interaction between the blast wave and structures along the path of propagation.
The glass windows on the west side of Building 1 almost certainly fail hazardously under the aforementioned blast event. The glass fragments almost certainly fly into the building interior as a medium/ high hazard. This high level of risk is attributed to the close proximity of this façade to the source of the blast. The glass windows on the north and south side of Building 1 most probably fail hazardously, and there is still a high probability that the glass fragments become a medium/high hazard.
The glass windows on the east side of Buildings 15-19 have a relatively low likelihood of failing hazardously. If the windows fail, the glass fragments are most likely of low hazard. This low level of risk is attributed to the large distance from the source of the blast and the effect of shielding by structures in the path of the blast wave and by the buildings themselves. Figures 14 and 15 show the distribution of the likelihood of glass windows in posing a medium/ high (H2) hazard to the occupants of buildings along the main street, where ground zero is located. Figure 14 shows that the glass windows on the west façade of Building 1 almost certainly become a medium/high hazard under the aforementioned blast threat level. The glass windows on the east façade of Buildings 6-11, which are on the opposite side of the street, also pose this high level of glass fragment hazard. The risk of a medium/high hazard to other buildings in the main street remains high. However, the risk decreases with the distance from ground zero. The average values of the risk for each building façade are shown in Figure 13 .
The expected risk of a medium/high hazard from the east façade of Building 14 is greater than that from the west façade of Building 19, although the east façade of Building 19 is closer to the source of the blast than the west façade of Building 14. The reason for this is that the average angle of incidence on the west façade of Building 19 is larger than that of the east façade of Building 14. This emphasizes the importance of analyzing the risk of failure of glass windows under blast loading through the examination of complex geometry rather than investigating a single-glass window under a specific blast threat.
Figures 14 and 15 also show that the level of risk does not decrease gradually from one building to another. There are sudden drop in the level of risk of adjacent buildings. For example, the contour The distribution of the risk of a medium/high hazard from glass windows on the north and east façade of Building 1 is shown in Figure 16 . The glass windows on the west façade almost certainly become a medium/high hazard (refer to Figures 13 and 14) , whereas the expected risk from the glass windows on the south façade is similar to that of the glass windows on the north façade. Figure 16 shows that the contour lines are discontinuous on the edge of two different facades. For example, the line of 0.60 of the north façade meets the line of 0.20 of the east façade on the northeast edge of the building. This difference is attributed to different angles of incidence on both facades. Figure 17 shows the distribution of the likelihood of a medium/high hazard from glass windows on the Building 2 facades. The glass windows on the south façade almost certainly become a medium/high glass fragment hazard under the abovementioned blast threat level. The risk remains high on the west façade. However, the level of risk is relatively low on the north and east façades due to the shielding effect. Figure 18 shows the distribution of the risk of a medium/high hazard from the glass windows on Building 19. The risk from the glass windows on the west and north facades is very high compared to that from the glass windows on the east and south facades. In fact, the glass windows on the east and south façades are more likely to be safe for the occupants of Building 19 under the aforementioned level of blast threat. This low level of risk is attributed to the fact that the east and south façades of Building 19 are shielded by Building 3 and Building 18 and by Building 19 itself.
The west façade of Building 19 is in a direct line-of-sight from the source of the blast. However, it has a relatively large angle of incidence, making the average likelihood of the glass windows posing a medium/high hazard around 0.32 (refer to Figure 13 ). Although the north façade of Building 19 is shielded by Building 3 and Building 18, the expected risk of a medium/high glass fragment hazard from this side remains relatively high. This may be attributed to the channeling effect through the gaps between buildings 1 and 3, 3 and 18, and 3 and 19. The risk contour on the north façade of Building 19 is relatively irregular due to the combination of environmental effects.
The analysis of the risk demonstrated above is carried out based on the assumption that the glass windows on the building do not fail in a blast event. In reality, some of the glass windows, particularly those that are on buildings located in the region of high blast pressure, may fail, which allows the blast wave to propagate into the building's interior. Therefore, the reflection by these building façades may not be perfect. As a consequence, the magnitudes of blast pressure or impulse at locations further away from the source of the blast may be lower. However, incorporating this effect in risk analysis is difficult. Within the probabilistic concept, the failure of a glazing element is difficult to determine, making it hard to decide which windows will fail. Although a possibility, a simulation technique that incorporates this presumable fact would require significant modeling and analysis efforts, especially in the prediction of the blast pressure in complex environments using the CFD technique, which may limit its applicability.
Conclusion
This article presents an investigation of the risk of failure of glass windows subjected to a blast in a complex environment. Complex interactions between the blast wave and surrounding obstacles increase the difficulties in identifying the risk beyond the simple relationship between the strength of the glass structure and the magnitude of blast pressure from a particular explosive charge at a certain direct distance from the structure.
The magnitudes of blast pressure and impulse at different locations in a complex layout are estimated using the CFD model to capture environmental effects. The building facades are assumed to be very strong and rigid to allow a full development of reflected blast pressure to achieve the maximum level of risk of glass window failure. The risk of failure of glass windows is estimated using the artificial neural network model, which is developed based on observations of glass window performance under full-scale blast tests. The failure of glass windows is estimated based on five variables representing the glass window design and blast threat level: the width, height and thickness of the glass panel, and the magnitude of the blast pressure and its idealized triangular loading duration. Other variables in glass window design and explosion properties are treated as additional sources of uncertainty. The radial basis function and Bayesian theory are adopted to address the probabilistic nature of glass failure.
The artificial neural network is a useful technique for the analysis of the risk of failure of glass windows subjected to blast pressures. It provides information both on the extent of failure of glass windows and the potential consequences in terms of the level of glass fragment hazard. Its quick prediction is very useful in the analysis of the risk of blast-induced glass failure in complex layouts. The environmental conditions, which allow for the influence of reflection, channeling, and shielding, or a combination of the three, on the propagation of the blast wave, do have significant effects on the level of risk at various locations in a built-up complex layout. Therefore, the assessment of the risk of failure of glass windows when subjected to blast pressure through an examination of complex geometry provides more realistic information than that from a vulnerability analysis on a single-glass window.
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